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ABSTRACT
Process-oriented guided inquiry learning (POGIL) has been shown to be an effective ed-
ucational strategy and has been applied in computer science (CS) education. However,
previous research mainly focuses on students’ academic performance and the comparison
between POGIL and traditional teaching methods. Further, POGIL is most commonly ap-
plied to entry-level CS courses. Here we investigate students’ perception of both POGIL
and another active learning strategy (group activities loosely based on think-pair-share) in
a higher-level CS course taught in the same semester. Our results from quantitative analysis
of student surveys demonstrate that POGIL is effective in reducing students’ perceptions
of difficulty, stress, and time spent on the course, creating an engaging environment, and
increasing students’ self-efficacy. In addition, we find that TPS and POGIL are generally
similar to each other in our experiment. Future research can improve our design and use a
larger sample to make the conclusion more robust.
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CHAPTER 1: INTRODUCTION
Today many educators agree that using active learning methods is in general better than
simply giving a traditional lecture in engineering courses [1, 2, 3]. There is an array of
active learning methods available, including think-pair-share (TPS) [4, 5], pair programming
(PP) [6, 7], peer instruction (PI) [8, 9], collaborative problem solving [10, 11], and process
oriented guided inquiry learning (POGIL) [12]. All of them are claimed to help students with
cognitive skills (e.g., academic performance) and non-cognitive skills (e.g., critical thinking
and problem solving).
However, choosing which one to use could be difficult and challenging, especially for in-
structors who are still hesitating to switch from traditional lectures to one of popular active
learning strategies. There are a few common concerns. For example, revising course ma-
terials is usually time-consuming [13]; instructors may want to follow the philosophy of an
active learning method to design activities and sometimes “flip” the class [14]. Another pos-
sible constraint comes from facilities. Some research finds that Active Learning Classrooms
(ALCs) further improve active learning pedagogy [15]. ALC is a classroom design which
allows students to work together in groups and to interact with instructors more easily.
In this paper, we compare TPS-like teaching method with POGIL in a senior-level pro-
gramming languages course at a public U.S. university. We would like to provide CS educa-
tors another quantitative perspective of a comparison between two active learning methods.
There are a few reasons why we choose these two methods and what is new compared to
previous research.
TPS was chosen for historical reasons. Before we conducted this experiment, instructors
in this course spent a long time exploring different active learning strategies and ended up
with a modified TPS method because it was easy to implement in a traditional lecture hall
[16].
We have a few considerations before embracing POGIL. One of the most important reasons
why we choose POGIL is that POGIL is an evidence-based approach that can help students
to acquire various practical skills including critical thinking, problem solving, and teamwork
[17, 18, 19, 20]. We perceive that the programming languages course is challenging for CS
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students because: 1) functional programming (FP) is a large paradigm shift from object-
oriented programming (OOP), and 2) the course involves a lot of formalism with which many
students struggle. Based on our empirical experience, most students feel uncomfortable
about the shift and the course materials. Therefore, instructors in this course would like
to give students more incentives to not only take and complete the course, but also enjoy
it. POGIL meets the instructors’ requirements. Specifically, POGIL equips students with
more general skills like the aforementioned ones rather than content-based or job-oriented
programming techniques. What is more, in the long run, students with the potential to
continue to learn new things are more competent in their career path. This course, along
with POGIL, may not be as helpful as algorithm courses in finding a job, but instead improve
their life-long skills to make their professions better.
This work is intended to fill three gaps we perceive in POGIL literature. First, in CS,
POGIL has been primarily focused on entry-level courses. For example, Hu and Shepherd
adopted POGIL in their CS1 (introduction to computer science) course with six refined
activities, concluding that POGIL “improved long-term retention of CS material” [17]. Ad-
ditionally, VanDeGrift used POGIL in a CS2 (data structures) course, also claiming that
POGIL helped learn course materials [18]. This paper, however, quantitatively analyzes
students’ perception in a higher-level CS course for the first time.
Second, POGIL is rarely compared to other active learning pedagogies. In fact, there
are only a few papers comparing two active learning methods. For example, Herman and
Azad compared peer instruction and collaborative problem solving in a computer architec-
ture course in [21]. Previous research mostly compared one active learning method with
traditional lectures to demonstrate that the active learning pedagogy is better. However,
that does not solve the choosing problem we mentioned earlier. The lack of comparison is
even worse when the range is limited to POGIL. According to Simonson, only 7% of POGIL
papers reviewed (3 out of 43) compared POGIL and another cooperative learning strategy
[20]. Hence, this paper aimed to fill the gap by supplying a comparison analysis.
Third, we do not find available studies in POGIL that quantitatively analyzed affective
data collected from students. Rather than focus on academic performance [22] or faculty
perceptions [19], we focus on the students’ experiences taking the course, analyzing factors
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such as direct perceptions, sense of belonging, and motivation. After all, POGIL is a student-
centered pedagogic strategy [20].
To better assess the impact of POGIL and compare it with TPS, with which we are more
familiar, we set two research questions for our experiment:
1. What are undergraduate students’ perceptions of POGIL, as an instructional strategy,
in a higher-level CS course?
2. What are the similarities and differences between TPS and POGIL in terms of non-
cognitive outcomes?
We organize the rest of this paper in the following way: in Chapter 2, we review the
literature about TPS and POGIL, especially papers pertaining to CS. We then describe the
course design, including classroom settings, demographics, and a special case in Chapter 3.
After that, we introduce the forms, methods, and statistical models we used to conduct our
experiment in Chapter 4. We present detailed data and analysis in different situations in
Chapter 5. Following the data is our interpretation and discussion in Chapter 6. Finally,
Chapter 7 is a brief summary of the entire paper.
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CHAPTER 2: LITERATURE REVIEW
2.1 THINK-PAIR-SHARE (TPS)
Classic TPS has 3 phases [4, 5]. In the think phase, each student writes an individual
solution to the instructor’s questions in class. Then in the pair phase, students work in pairs
to compare their solutions and collaborate on follow-up questions. Finally, in the share
phase, the instructor sets up a class-wide discussion and encourages students to participate.
In this section, we review three TPS experiments in depth, one in mathematics and two in
CS. All these experiments revealed various benefits and limitations of TPS.
Sampsel adopted TPS in a mathematics course and stated that TPS helped increase stu-
dents’ participation and confidence [23]. She incorporated surveys (both a pre-survey and a
post-survey) with empirical observation (video recordings) to reach this conclusion. Sampsel
used 6-scaled survey questions, and the visualization of the results clearly demonstrated that
students were increasingly “comfortable contributing ideas” and “confident in their abilities
in mathematics” [23] during the period when TPS was introduced. Her observation con-
firmed the trend observed from the data.
In McConnell’s paper [13], he maintained that TPS could significantly improve students’
exam scores in theory of computation, a course students usually took with CS2 concurrently
in their sophomore year. He obtained the conclusion by showing that students in control
and treatment groups had similar GPAs prior to the course but significantly different exam
scores. In addition to his results, McConnell had some insightful thoughts. At the beginning,
he pointed out that the reason why active learning was not used frequently was because of the
risks they might bring to instructors. For example, the lack of pre-class preparation time and
the fear that the class might be out of control. This further strengthened our statement of
why choosing and adopting an active learning method is challenging in Chapter 1. However,
after employing TPS in the class and calculating the results, he stated that the risks could
be reduced by well-structured activities, and he would like to take on the challenge to help
students succeed. Note that the paper was written decades ago, but the findings are still
applicable to today’s CS courses.
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Kothiyal et al. used a combination of quasi-experimental design, survey, and focus groups
to demonstrate that TPS is an effective teaching method [16]. They measured both stu-
dents academic performance as well as students’ and instructors’ perception of TPS in a
large CS1 class. The course was taught mainly through interactive lectures in both control
and treatment groups, but the treatment group was taught using TPS for only a certain
period. The authors observed no significant difference on students’ test scores when both
groups were taught by the same method but significant differences when two groups were
taught by different methods. Therefore, they concluded that it was the introduction of TPS
that increased students’ conceptual understanding. They used survey questions to measure
perceptions. Most students favored the TPS activities and the learning environment es-
tablished by TPS. The interview of focus groups reinforced the statement. Instructors also
shared similar values, believing that TPS increased students’ engagement and was “easy to
implement even in a large class” [16].
2.2 PROCESS-ORIENTED GUIDED INQUIRY LEARNING (POGIL)
As a student-centered learning strategy, POGIL emphasizes three learning cycles [24]:
students form into groups to explore models by observing patterns in examples, invent
key concepts by themselves, and then apply their new understanding in practice. Further,
each member in a group has a distinct role: the manager keeps the team on track, the
recorder records decisions, the reporter (sometimes also called presenter) reports the team’s
solution to the class, and the reflector assesses team performance. In POGIL, instructors
(including teaching assistants) are facilitators, watching the class and offering help when
needed.
POGIL was first used in university chemistry courses [12] and then explored in multiple
disciplines. The history affected the distribution of studies. Among papers that Simonson
reviewed in his book [20], 42% were about chemistry, 23% about life and health science, 12%
about engineering and mathematics, but only 5% were about CS. In this chapter, we review
one paper in chemistry and two papers in CS.
De Gale and Boisselle used POGIL to teach organic chemistry [25]. Following the POGIL
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instruction, they formed multiple groups of three or four students and assigned specific roles
to each member in a group. The experiment aimed to measure both students’ academic
performance and their confidence. They used post-test only design for scores and compared
these scores with those of students who finished the course in the previous semester. It turned
out that the intervention of POGIL did not improve students’ exam scores; they ended up
with slightly lower mean scores compared to their counterparts in the previous semester.
On the other hand, the experiment used pre- and post- questionnaires to assess students’
academic confidence. The results of paired t-test suggested that POGIL significantly in-
creased students’ self-efficacy. The authors also noted in the paper that they appreciated
that POGIL encouraged students to collaborate with one another, but they also complained
that the method did not scale up well because more teachers and teaching assistants were
necessary for a larger class.
VanDeGrift presented a case study implementing POGIL in a CS2 (data structures) class
of 35 students [18]. The author reported that only about half of the lecture sessions adopted
POGIL. The paper set the research question as “how do students value POGIL activities
in terms of their learning process?” To answer that question, the author used qualitative
survey questions to measure how students felt about POGIL sessions. Two different surveys
were collected in the middle and at the end of the semester; the mid-semester one was short
and the end-of-semester one was longer and more detailed, but both contained questions
for students to rate each course component. Results from both surveys suggested that
students believed POGIL activities helped them learn a lot. Specifically, POGIL activities
improved students’ processing skills in multiple aspects. For example, problem-solving and
critical-thinking skills were trained when students determined what type of data should go
into a data structure. All team members enhanced their communication and teamwork
skills during the group discussion and collaboration, and reporters benefited from reporting
the group’s findings. Further, managers acquired management skills by ensuring that all
members contribute. In general, students agreed that these processing skills were valuable
in their professions.
Hu et al. collected survey results from 32 CS instructors in the United States, including
both college and secondary teachers [19]. They analyzed CS faulty’s perceptions of benefits,
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obstacles, and opportunities about POGIL. The surveyed instructors expressed a strong
appreciation toward POGIL, claiming that POGIL helped students became more engaged
(92%) and more active (88%) as well as developed stronger communication skills (84%). On
the other hand, the majority (94%) stated they lacked preparation time when using POGIL.
In addition, they also reported two other perceived difficulty: availability of POGIL materials
(88%) and pressure to cover content (78%).
These obstacles are also future opportunities and the community is growing. For exam-
ple, instructors who are interested in POGIL and would like to receive formal training can
request an on-site workshop hosted by the POGIL Project (https://pogil.org). In the CS
education community, 25 CS faculty authored over 200 POGIL activities in the CS-POGIL
Project (http://cspogil.org) for reference [19].
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CHAPTER 3: COURSE DESIGN
We implemented our experiment at a public university in the midwestern United States
in the Spring 2020 semester. The topic of the course was programming languages. It was
a higher-level CS course required for a CS-related degree (Bachelor’s and Master’s); other
higher-level courses were elective. The staff included seven experienced graduate teaching
assistants (TAs) and two undergraduate course aids (CAs) who were helping for the first
time. The instructor and two of the graduate TAs had attended a one-day on-site POGIL
workshop hosted by the POGIL Project (https://pogil.org).
3.1 DIFFERENT SECTIONS
As shown in Table 3.1, we had two large sections TPS and POGIL and a smaller section
POGIL-S. All sections could be registered for as 3 or 4 hour courses; students could earn one
additional credit hour by doing a course-related project. Graduate students were encouraged
to take sections with the additional credit hour. All sections were taught as a “flipped
classroom,” [14] where students were expected to watch a few short pre-lecture videos before
class. Ideally, students should have a background understanding of of the day’s topic so that
the entire class period could be spent on in-class problem-solving activities.
The learning environments were different between the TPS section and the POGIL section.
The TPS section adopted an active learning strategy with group activities loosely based on
TPS. We combined the think and pair phases so that students directly worked in pairs or
groups of three to discuss problems in handouts distributed at the beginning of the lecture.
For simplicity, we still refer the modified method to “TPS” in this paper. The TPS section
Table 3.1: All Sections in Spring 2020
Section Time Classroom Setting Stu-
dents
TPS TR 12:30 - 13:45 Traditional Lecture Hall 198
POGIL TR 15:30 - 16:45 ALC 100
POGIL-S Arranged ALC / Online 40
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was taught in a traditional lecture hall where the instructor stood in front of the students
and used a projection system to go over problem solutions and do live coding. Students
were allowed to choose their own partners and could change who they worked with in every
lecture. Nevertheless, we observe that most students had stable partners.
Figure 3.1: A photo of the active learning classroom we used for the POGIL section.
The POGIL section took place in an active learning classroom (ALC), shown in Figure 3.1.
Due to space limitations, the enrollment of this section was approximately half that of the
TPS section. Round tables and chairs were spaced in the classroom, and each table was
equipped with a large television that could synchronize with the instructor’s screen. The
classroom we used had less than fifteen tables and each table could accommodate two or
three POGIL groups. A podium was placed in the center of the classroom, allowing the
instructor to be more equally accessible to all groups compared to traditional lecture halls.
Unlike what we did in the TPS section, we took additional steps to form groups in the
POGIL section. We used an online tool called CATME [26] which asked students to chat
with an intelligent bot, extracted each student’s characteristics and preferences, and assigned
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teams by algorithms. We sent a CATME invitation before the first lecture and spent a few
minutes helping finalize the groups and seats in the first lecture.
We kept the same groups for the whole semester. While we considered to form new groups
so that students gained different experiences working with various peers, as suggested by the
POGIL method, we ultimately chose not to due to the cost of time and positive feedback
about the status quo. That being said, students could still shift their roles within the groups
as they wished; we encouraged them to shift from time to time but never forced them. In
general, students were not likely to know their partners at the beginning of the semester,
but we still believed that they could work together efficiently.
The POGIL-S was a special section for students who enrolled in a co-op program in a city
near the university. These students mostly learned online through lecture recordings, and
the instructor went to the city and held a POGIL session for them approximately twice a
month. When collecting results from surveys, we still considered the POGIL-S section to be
using POGIL as the main instructional method.
All sections had the same course materials, including pre-lecture videos, in-class handouts
(except that the POGIL version had an additional blank to indicate the role of each par-
ticipant), online homework, programming assignments, and exams. We also used an online
platform where students can ask any question related to the course and instructors would
answer in an asynchronous way. We designed our in-class handouts following the three learn-
ing cycles proposed in the POGIL method. TAs attended the TPS or POGIL sections based
on their schedule and were almost evenly split between the two groups. During a lecture,
the instructor as well as TAs (i.e., facilitators) in both sections walked around the classroom
when students worked on problems and provided hints and help on call. In addition, each
TA held one to two office hours every week.
3.2 DEMOGRAPHICS
Of the 298 students in all sections that completed the course, 83 of them agreed to par-
ticipate in our surveys and allow their responses to be included in our data (a 27.85%
participation rate). As this sample only included three graduate students, we chose to ex-
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(a) Major Distribution (b) Gender Distribution
Figure 3.2: Demographics Distribution in the TPS and POGIL Group




clude them to have a more uniform subject population. In the rest of the paper, we refer
the combination of POGIL and POGIL-S sections as the POGIL group for convenience and
the TPS section as the TPS group. Fortunately, we ended up with relatively equal number
of responses in the TPS group (43) and the POGIL group (37).
At the university studied, CS majors can be pure CS majors in the College of Engineering
(ENG) or CS+X majors in the College of Liberal Arts and Science (LAS). Here X contains
an array of possibilities at the university: mathematics, statistics, economics, advertising,
economics, music, etc. Figure 3.2 demonstrates that the distribution of majors was balanced
in the TPS group, whereas we had more CS students in the POGIL group. As is common
in CS courses at the university, we had more male students than female students in both
groups. The genders of the students from each group is presented in Table 3.2.
3.3 THE IMPACT OF COVID-19
When it comes to the spring 2020 semester, it is necessary to discuss the impact of COVID-
19. Due to the pandemic, all sections suspended in-person meetings after the midpoint of the
semester. Fortunately, the university released the decision before the spring break so that
students had a week to prepare for moving online. We also provided both synchronous live
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sessions over Zoom and asynchronous video recordings. To further reduce students’ stress,
we made attendance optional. Neither TPS nor the POGIL method were strictly executed
in online sessions. The TPS section adopted the broadcast mode where the instructor
delivered the course materials most of the time and students could either speak or type
to ask questions. Students in the POGIL section were randomly assigned into breakout
rooms (a Zoom function) to work on the activities and summoned back to the main room




We conducted a quasi-experimental design to measure students’ perceptions through sur-
veys. Two surveys were released and collected through Google Forms, one at the beginning of
the semester and the other one at the end. Detailed questions can be found in Appendix A.
We adapted the survey questions used in previous work [21] for our experiment. As shown
in Table 4.1, the questions came in five categories. The Learning Materials questions ask
students to rate seven course components based on how much they thought it helped them
learn, including lectures, in-class activities, pre-lecture videos, lecture recordings, program-
ming assignments, online homework, and exams. The Direct Perception questions measure
students’ perception of difficulty of the course relative to both other CS courses and all other
courses. They also measure the students’ perception of stress and time spent.
Twelve questions in Sense of Belonging [27] can be divided into three sub-categories:
classroom comfort (2), peer support (5), and faculty support (5). Motivated Strategies for
Learning Questionnaire or MLSQ [28], has various sub-categories: intrinsic goal orientation
(2), task value (2), test anxiety (2), control of learning beliefs (2), self-efficacy (2), and
rehearsal (2). Table 4.2 indicates the type and sub-category of each question, with question
number specified. We also designed two questions about teamwork, asking if classmates
helped students learn and if in-class activities helped them feel connected with other students.
Questions in the survey were interleaved so as to not have two questions of the same type
consecutively. Questions in the pre-survey and the post-survey were almost identical except
Table 4.1: Types of Survey Questions
Type Number of Questions Source
Learning Materials 7 Original
Direct Perception 4 Original





Table 4.2: Sub-categories of Survey Questions
Type Sub-category Question No.
Sense of
Belonging
Classroom Comfort 12, 18
Peer Support 14, 16, 19, 21, 23
Faculty Support 13, 15, 17, 20, 22
MLSQ
Intrinsic Goal Orientation 24, 28
Task Value 25, 33
Test Anxiety 26, 34
Control of Learning Beliefs 27, 31
Self-efficacy 29, 35
Rehearsal 30, 32
Table 4.3: A Quasi-experimental Design
Group (sample number) Assignment Pretest Treatment Posttest
1 (43) NR O11 - (TPS) O12
2 (37) NR O21 POGIL O22
for different tense. All questions had five options from strongly disagree to strongly agree
and were quantified using a 5-point Likert scale [29], except the one asking for time (No.
11) in Direct Perception.
4.2 EXPERIMENT DESIGN
Table 4.3 displays the timeline of our experiment. The pretest (i.e., pre-survey) was
collected within the first two weeks of the semester, and the posttest (i.e., post-survey) was
collected at the end of the semester (after the suspension of in-person meetings).
In the experiment, we arbitrarily defined the TPS group as the control group and the
POGIL group as the treatment group. It was a non-randomized (NR) trial [30] because
other factors also affected students’ assignments, for example time and space. The TPS
section and POGIL section offered different time schedules and locations. We presumed
the majority of students tended to choose the TPS section because it took place in the CS
building.
Within the control group and the treatment group, we used a paired sample t-test, com-
paring results from pretest and posttest, respectively. Comparing the results of the same
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students in each group at the beginning and the end of the semester helps us understand if
each method has significantly changed students’ perceptions on average in terms of a specific
question.
To compare TPS and POGIL, we used regression models with an interaction term. As
shown in equation 4.1, Treat is a dummy variable, 0 for TPS (control group) and 1 for
POGIL (treatment group). Post is another dummy variable, 0 for pretest and 1 for posttest.
Treat×Post is the interaction term and Covi represents covariates (multiple covariates are
supported). When calculating results, we used α = 0.05 in both statistical methods for the
significance level.
Yst = β0 + β1(Treats) + β2(Postt) + β3(Treats × Postt) + βi(Covi) + εst (4.1)
As we applied t-tests and regression models simultaneously on all questions we surveyed,
we have a multiple comparison problem. Therefore, to control erroneous inferences due
to multiple comparisons, we used a controlling procedure. In our analysis, we used the
Benjamini-Yekutieli [31] procedure for results from t-tests and regression models, which
controlled the false discovery rate (FDR) without independence assumptions.
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CHAPTER 5: RESULTS
We use paired sample t-test as our main method because it enables us to know if students’
perceptions of each question changed significantly, either positively or negatively, throughout
the semester. In this chapter, we present results from t-test in the TPS and POGIL groups.
If both groups have significant changes in a question in the same direction, we conclude that
students in two sections have similar perceptions with respect to that question.
However, t-test results alone do not determine the differences between two methods. Given
a particular question, a significant change in one group and the lack of significant change
in the other does not necessarily imply that the difference between the two methods was
significant. In other words, we cannot arbitrarily conclude whether one method is more
effective than the other one in this case. Other covariates make the case more complex.
Therefore, we use linear regression models with interaction terms to compare with results
from t-test and help to determine:
1. if differences are statistically significant, and
2. if regression models in different demographic groups result in different conclusions
In the regression models using interaction terms, two methods have significant differences
if and only if the cross-term (i.e., Treat× Post) coefficient is significant.
5.1 RESULTS FROM ALL STUDENTS
In this section, we apply t-test and linear regression on results from all students (80 in
total). We present the results using t-test in Section 5.1.1 and those using linear regression
in Section 5.1.2.
5.1.1 t-test Results
We present raw results in Table B.1 in Appendix B. The ∆ values are the changes of the
mean scores out of 5. In the first column, we put the question numbers which corresponded
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to the ones in Appendix A. The second and third column are the changes of values for
each question by paired sample t-test for the TPS group and the POGIL group respectively.
All bold cells are significant results under the normal standard of p ≤ 0.05 without any
correction.
Benjamini-Yekutieli procedure requires us to sort the results by their p-values ascendingly
and keep only top k results whose p-values are less than or equal to adjusted α. Some
researchers prefer to adjust p-values so that they can still compare p-values with the signif-
icance level, e.g., 0.05 in our case. Two approaches are equivalent and we prefer to adjust α
because we can repeatedly use the same values for multiple comparisons.
After applying the procedure on raw results, we stored corrected results in Table 5.1 for
the TPS group and in Table 5.2 for the POGIL group. The first column is the ranking of
p-values, which helps to calculate adjusted α in the second column. The third and fourth
columns store the question numbers and the changes between pretest and posttest along
with the p-values. Here bold cells are significant results under the standard of Benjamini-
Yekutieli correction. We kept top k+1 results in the tables for readers to better understand
the significance cutoff.
Similarities According to the corrected results in Table 5.1 and Table 5.2. Both active
learning strategies exhibited improvements in the following three aspects.
For Direct Perception, they helped decrease students’ perceptions of difficulty relative to
all other courses (No. 8), stress (No. 10), and time spent on the course (No. 11). For
Sense of Belonging, they both increased perceived classroom comfort for asking questions
(No. 18), and all kinds of faculty support we listed in the survey (No. 13, 15, 17, 20, and
22). For MLSQ, both methods increased students’ self-efficacy of getting excellent grades
(No. 29).
Differences The t-tests also told some different stories of two methods of which we can
further investigate using linear regression models.
Students in two groups had different opinions toward multiple learning materials. For ex-
ample, students in the TPS group claimed that pre-lecture videos (No. 3: ∆=0.44, p=0.0015)
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and exams (No. 7: ∆=0.95, p<0.0001) helped them learn. However, students in the POGIL
group believed that lecture recordings (No. 4: ∆=-0.62, p=0.0017) and programming assign-
ments (No. 5: ∆=-0.59, p=0.0031) were not as helpful as they used to think. In addition,
their perception of difficulty relative to other CS courses (No. 9: ∆=-0.57, p=0.0007) de-
creased significantly. While their counterparts in the TPS group also had significantly lower
difficulty perception (No. 9: ∆=-0.40, p=0.0064) by α=0.05 standard, the result was not
strictly significant after the correction.
For Sense of Belonging, students in the POGIL group perceived significantly higher class-
room comfort for volunteering ideas (No. 12: ∆=0.59, p=0.0006), but results from the
TPS group (No. 12: ∆=0.56, p=0.0058) were similar in effect, but statistically not signifi-
cant after correction. In addition, students in the TPS group perceived significantly higher
peer support for reminding them when assignments or tests were due (No. 16: ∆=0.65,
p=0.0009).
For MLSQ, TPS significantly reduced students’ test anxiety for thinking less about how
poorly they performed compared with other students when taking tests (No. 26: ∆=-0.74,
p=0.0016), increased students’ self-efficacy so that they expected themselves to do well in
the class (No. 35: ∆=0.74, p<0.0001), and encouraged them to repeatedly practice online
assignments (No. 30: ∆=0.60, p=0.0005). However, POGIL significantly relieved students’
test anxiety for thinking less of consequences of failing when taking tests (No. 34: ∆=-0.95,
p<0.0001). Results from the TPS group for this question (No. 34: ∆=-0.47, p=0.0199)
were not significant after correction.
Further, TPS significantly increased students’ perception of teamwork, making them feel
like their classmates help them learn (No. 36: ∆=0.51, p=0.0033).
5.1.2 Linear Regression Results
Yst =β0 + β1(Treats) + β2(Postt) + β3(Treats × Postt)+
β4(College) + β5(Gender) + εst
(5.1)
To compare TPS and POGIL in general using a linear regression model, we add two
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Table 5.1: Changes and p-values (in Parentheses) Using Paired Sample t-test for All
Students in the TPS Group After Correction
Rank Adjusted α Question No. ∆ in the TPS Group
1 0.0003 35 0.74 (0.0000)
2 0.0006 20 0.67 (0.0000)
3 0.0010 22 0.84 (0.0000)
4 0.0013 11 -3.42 (0.0000)
5 0.0016 29 0.72 (0.0000)
6 0.0019 7 0.95 (0.0000)
7 0.0023 18 0.77 (0.0000)
8 0.0026 15 0.67 (0.0001)
9 0.0029 8 -0.49 (0.0001)
10 0.0032 10 -0.63 (0.0003)
11 0.0035 30 0.60 (0.0005)
12 0.0039 17 0.56 (0.0008)
13 0.0042 16 0.65 (0.0009)
14 0.0045 13 0.53 (0.0012)
15 0.0048 3 0.44 (0.0015)
16 0.0051 26 -0.74 (0.0016)
17 0.0055 36 0.51 (0.0033)
18 0.0058 12 0.56 (0.0058)
Table 5.2: Changes and p-values (in Parentheses) Using Paired Sample t-test for All
Students in the POGIL Group After Correction
Rank Adjusted α Question No. ∆ in the POGIL Group
1 0.0003 10 -0.76 (0.0000)
2 0.0006 34 -0.95 (0.0000)
3 0.0010 8 -0.76 (0.0000)
4 0.0013 15 0.73 (0.0000)
5 0.0016 29 0.59 (0.0001)
6 0.0019 22 0.86 (0.0001)
7 0.0023 20 0.68 (0.0002)
8 0.0026 13 0.73 (0.0002)
9 0.0029 18 0.70 (0.0004)
10 0.0032 17 0.70 (0.0004)
11 0.0035 12 0.59 (0.0006)
12 0.0039 9 -0.57 (0.0007)
13 0.0042 11 -1.95 (0.0007)
14 0.0045 4 -0.62 (0.0017)
15 0.0048 5 -0.59 (0.0031)
16 0.0051 14 -0.49 (0.0089)
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Table 5.3: β2 and p-values (in Parentheses) Using Equation 5.1 for All Students After
Correction
Rank Adjusted α Question No. β2
1 0.0003 35 0.74 (0.0000)
2 0.0006 22 0.84 (0.0000)
3 0.0010 7 0.95 (0.0000)
4 0.0013 11 -3.42 (0.0000)
5 0.0016 29 0.72 (0.0010)
6 0.0019 15 0.67 (0.0010)
7 0.0023 20 0.67 (0.0010)
8 0.0026 13 0.53 (0.0010)
9 0.0029 18 0.77 (0.0010)
10 0.0032 10 -0.63 (0.0030)
11 0.0035 26 -0.74 (0.0050)
covariates College and Gender, as shown in Equation 5.1. College is a dummy variable,
0 for LAS college (CS+X major) and 1 for ENG college (CS major). Gender is another
dummy variable, 0 for female students and 1 for male students. Together, β4 and β5 provide
us more insights on whether different demographic groups perceived methods differently.
We can use β2 and β3 to check if results from the regression model match those from the
t-test. If β2 is significant but β3 is not, then we can conclude that both methods render
significant results but no significant difference exists between two instructional strategies.
However, if β3 is significant, we are confident that there are significant differences between
two active learning pedagogies.
Again, we put raw results in Table B.2 in Appendix B and all bold cells are significant
results by normal standard without any correction. Compared to t-test, the regression model
(Equation 5.1) generated mostly similar conclusions, some different results, and some other
additional information. We also organize the following paragraphs into these three topics.
Same Conclusions We focus on β2 to see if two active learning methods had same sig-
nificant results. Again, we put corrected results in Table 5.3.
Both methods agree on Direct Perception questions in terms of pressure and time. Specif-
ically, the regression model confirms the conclusion that both strategies helped students
reduce their perceived stress (No. 10: β2=-0.63, p=0.0030), and hours spent (No. 11: β2=-
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3.42, p<0.0001) in this higher-level CS course. Before the correction, the regression model
also has the same conclusion as the t-test with respect to difficulty, showing that both meth-
ods reduced students’ perception on difficulty relative to all other courses (No. 9: β2=-0.40,
p=0.0210).
In questions that measure students’ Sense of Belonging, the regression model confirms
conclusions from the t-test about classroom comfort and faculty support. Both methods
helped encouraged students to ask questions (No. 18: β2=0.77, p=0.0010) and made students
feel that instructors were available for help (No. 13: β2=0.53, p=0.0010 and No. 15:
β2=0.67, p=0.0010) and cared about students (No. 20: β2=0.67, p=0.0010 and No. 22:
β2=0.84, p<0.0001). The result from the regression model is also likely to agree with that
from the t-test on the question of whether students “[felt] comfortable seeking help from an
instructor before or after class” (No. 17, β2=0.56, p=0.0050). The p-value of β2 is significant
before the correction but insignificant after the correction.
In MLSQ questions, the regression model agrees with t-test that both methods helped
increase students’ self-efficacy: students believed that they could get excellent grades (No.
29: β2=0.72, p=0.001).
The last question that the t-test and the regression model may share the same conclusion
is about students perceptions of exams (No. 7). Previously, we presented that t-test showed
only students in the TPS group significantly changed their opinions, thinking that exams
helped them learn. The regression model renders a complex result: the β2 value (0.95,
p<0.0001) is significant after the correction, and the β3 value (-0.60, p=0.0500) is significant
before the correction but insignificant after the correction. In other words, if we do not use
the correction, we end up with same conclusion from the t-test and the regression model,
claiming that students in the TPS group were more likely to say exams helped them learn,
compared to those in the POGIL group. However, after the correction, we have a more
conservative measurement that both methods increased students’ perception of exams with
respect to learning and there was no significant differences between the two methods.
Different Results We found a few different results from the t-test and the regression
model. Most of them are cases where the t-test finds corrected significant results in only one
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teaching method but the regression model fails to have significant results after correction.
For Learning Materials, the regression model does not give significant results after cor-
rection. Specifically, the t-test claims that students in the TPS group believed pre-lecture
videos helped them learn (No. 3) and students in the POGIL group believed lecture record-
ings (No. 4) and programming assignments (No. 5) were less helpful. The regression model
has significant results on pre-lecture video question before the correction, showing that both
groups had the same effect (No. 3: β2=0.44, p=0.0120) and no difference existed (No. 3:
β3=-0.33, p=0.1910). However, the significance does not hold after the correction. For the
other two questions, the regression model does not even give significant results before the
correction (No. 4: β2=-0.14, p=0.4920 and No. 5: β2=-0.14, p=0.4690).
Similar situations happen multiple times in other questions. For example, the t-test
shows only POGIL helped students significantly reduce their perceived difficulty relative to
other CS courses (No. 9), but the regression model has a significant-but-insignificant-after-
correction result (No. 9: β2=-0.40, p=0.0210) in support of the position that both methods
had the same effect. Likewise, the t-test favors POGIL in the classroom comfort question
about volunteering ideas (No. 12) but the regression model favors both before the correction
(No. 12: β2=0.56, p=0.0150). There are also questions where the t-test favors TPS yet the
regression model favors both before the correction. For example, whether other students
were helpful for reminders (No. 16), whether a teaching method helped students think less
about how poorly they performed (No. 26), whether a method encouraged students to review
online assignments (No. 30), and whether a method made students feel classmates help them
learn (No. 36). In general, we presume that all these “significant but insignificant” results
might be significant if we had a larger sample size.
There is one question where the t-test shows POGIL had significant effects on students
but the regression model does not give any significant results even before the correction.
The question asked students whether their perception of “[thinking] of the consequences of
failing” when taking tests (No. 34) changed over time. The regression model demonstrates
no significant changes (No. 34: β2=-0.47, p=0.0620). Nor does it differentiate between two
methods (No. 34: β3=-0.48, p=0.1880).
There is one exception where both methods render different and corrected significant
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Table 5.4: β4 and p-values (in Parentheses) Using Equation 5.1 for All Students After
Correction
Rank Adjusted α Question No. β4
1 0.0003 4 -0.56 (0.0000)
2 0.0006 32 -0.70 (0.0000)
3 0.0010 33 -0.46 (0.0040)
results. The t-test shows only TPS increased students’ perception that they expected them-
selves to do well in the class (No. 35). However, the regression model presents that both
methods had the same impact (No. 35, β2=0.74, p<0.0001).
Additional Information In addition to whether an instructional method was effective,
covariates in the regression model provide additional information to help us better under-
stand students’ perceptions, sometimes preferences.
After the correction, there are a few significant β4 values that help us understand the
differences of students with different majors. We put the results in Table 5.4. For example,
two questions related to videos (No. 4: β4=-0.56, p<0.0001 and No. 32: β4=-0.70, p<0.0001)
having significant negative β4 values demonstrate that CS+X students were more likely than
CS students to believe that videos were helpful when other factors remained constant.
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CHAPTER 6: DISCUSSION
6.1 THE DIFFERENCES AND THE CORRECTION
In the previous chapter, we have a few cases where results from the t-test and those from
the regression model differ from each other. Although these cases seem contradictory if we
believe the superficial conclusion, they are explainable if we check the raw data in depth. In
this section, we analyze three different situations, discuss our interpretations, and summarize
the general principles.
The first situation is a common one: the t-test finds one method significant after the
correction but the regression model finds both methods significant by p ≤ 0.05 standard.
For example, for the pre-lecture video question (No. 3), the t-test demonstrates that TPS was
effective (∆=0.44, p=0.0015) but POGIL was not (∆=0.11, p=0.5002) and the regression
model has β2=0.44 (p=0.0120) and β3=-0.33 (p=0.1910). Incorporated the data above, we
are inclined to believe the results from TPS because the negative β3 value and relatively low
p-value, though not significant by any standard, illustrated that POGIL was not as effective
as TPS in this question and significant β2 by normal standard may largely ascribe to the
contribution of TPS.
However, we do not always favor the results from the t-test. In the question asking if
students felt comfortable volunteering ideas in class (No. 12), we are more persuaded by
the results from the regression model (significant by normal standard but insignificant after
the correction), saying that both methods were effective. We have two main reasons: 1) the
result from the t-test for the TPS group is significant by normal standard (No. 12: ∆=0.56,
p=0.0058), and 2) the p-value of β3 in the regression model (No. 12: β3=0.04, p=0.9130) is
so large that it is not likely that two methods had differences.
The second situation is more complex: the t-test finds one method significant after the
correction but the regression model does not find any method significant by normal standard;
nor does it tell any significant difference. In the question asking whether students thought
of consequences of failing when taking tests (No. 34), the t-test shows that POGIL helped
reduced students’ test anxiety. After checking all p-values, we cannot make a clear and
24
confident conclusion. The result from the t-test for the TPS group (No. 34: ∆=-0.47,
p=0.0199) is significant by normal standard, and the p-value of β3 (No. 34: β3=-0.48,
p=0.1880) indicates that it is still likely that there were differences between two methods.
Given the data, we would like to seek more statistical power before reaching a conclusion.
The last situation is controversial: the t-test finds one method significant but the regression
finds both significant after the correction. In the question measuring students’ self-efficacy
of whether they expected themselves to do well in the class, we observe different results.
Again, it is hard to give a conclusion based on p-values.
In general, when we encounter different results from the two statistical methods, we look
to the raw data to make interpretations. In most situations, a holistic view of the data
support one result more clearly. In some other cases where we are not confident to give a
conclusion, we seek for more statistical power.
6.2 RESEARCH QUESTION 1: PERCEPTIONS OF POGIL
Based on the corrected results we obtained from the t-tests and regression models, we
argue that POGIL, like TPS, benefits students in various non-cognitive aspects in Table 4.1.
We demonstrate our interpretations of data in each aspect and how our results are connected
with previous research in this section.
Learning Materials In our experiment, students in the POGIL group believed that lec-
ture recordings (No. 4) and programming assignments (No. 5) were not as helpful as they
used to think. It is noted that students in both groups had the same “negative” perception
of these two learning components, but results in the POGIL group are significant after the
correction. We view the result from two angles. First, as we mentioned in Chapter 1, the
course taught functional programming, a different programming paradigm from what stu-
dents were accustomed to (i.e., OOP) and it involved formalism problems which were not
entirely covered by programming assignments. Hence, perceiving programming assignments
as less helpful is expected. Second, reducing students’ reliance on learning from recordings
is our aim and follow the philosophy of POGIL that encourages instructors to help stu-
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dents complete learning cycles multiple times during class. Furthermore, we presume that
watching videos filled mostly by group discussion is less helpful than watching a recording
of traditional lecture.
Direct Perception POGIL also helped reduce all types of students’ direct perception,
including difficulty both relative to all other courses (No. 8) and CS courses (No. 9), stress
(No. 10), and time spent on course (No. 11). The results confirmed Bandura’s finding
in his paper [32] that supportive environments could relieve students’ pressure. Simonson
further explained that such environments highlighted the meaning of ”cooperative” rather
than competitive learning [20].
Sense of Belonging and Teamwork The results show that POGIL increased students’
sense of belonging in general. For example, POGIL enhanced the classroom comfort so that
students felt comfortable to contribute their opinions (No. 12) and ask for help when they
were confused (No. 18). POGIL also reflected various forms of faculty support (No. 13, 15,
17, 20, and 22) in the class. These results echoed conclusions in previous research [17, 18, 25]
that POGIL increased students’ collaboration and built an engaging classroom environment.
MLSQ POGIL helped students significantly increase their self-efficacy (No. 29) and reduce
their test anxiety (No. 34). More importantly, POGIL can enhance students’ self-efficacy is
a point proven by many previous research [18, 20, 25, 33].
Summary We are satisfied with the results above. As we mentioned earlier, we keep
putting effort into making this challenging course more welcoming and wish students to
focus on the process of learning and to acquire the processing skills involved like problem-
solving and critical-thinking rather than to worry about grades. The results of decreased
difficulty and increased self-efficacy revealed that students were working toward the goal. To
this extent, we are confident to conclude that POGIL is an effective active learning pedagogy
for a higher-level CS course based on students’ perceptions.
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6.3 RESEARCH QUESTION 2: SIMILARITIES AND DIFFERENCES
Similarities Based on the data we presented in Chapter 5, we find two methods are
generally similar. Although we have a few undecided conclusions within current data, similar
conclusions can be derived from multiple aspects after the correction when we investigate
all 80 responded students.
Specifically, both active learning methods helped students significantly reduce their per-
ceived stress (No. 10) and time spent in the course (No. 11). In addition, two methods
established an interactive learning environment where students were comfortable asking
questions (No. 18) as well as cared and supported by faculty (No. 15, 20, and 22), substan-
tiating the findings in previous TPS research [16, 23, 34]. Finally, our results show that both
methods increased students’ self-efficacy of believing they would get excellent grades (No.
29), which not only echoed the effects of POGIL as we discussed in previous section but also
confirmed Sampsel’s conclusion that TPS increased “students’ confidence in the subject.”
[23]
Differences Unlike similarities, differences between two active learning methods are more
complex, and we prefer to share our own opinions here.
There are some detailed differences in all students. For example, we tend to believe that
students in the TPS group were more likely to believe pre-lecture videos helped them learn
(No. 3) due to corrected significant results in the t-test for the TPS group and relatively
small p-value of β3 in the regression model. Similarly, we incline to argue that students in
the TPS group were more likely to increase their self-efficacy by expecting themselves to do
well (No. 35).
6.4 OTHER FINDINGS
In addition to the answers to two research questions, we also have additional findings
including obstacles we encountered when implementing POGIL and reflections about the
regression model.
In addition, we encountered various obstacles when we implemented POGIL, some of
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which were mentioned in previous research. A frequent issue in our experiment was what
students should do if their partners were absent from class and remaining students could not
form a standard POGIL team. We used an ad-hoc solution: each time we had this issue,
we formed new groups for those who suffered from it. Fortunately, the attendance of the
POGIL group was high, so the issue happened frequently but only a small part of students
were affected. We also perceived the high cost of POGIL [19, 35]. The cost came from two
aspects: active learning classrooms and the preparation time. Unlike TPS, POGIL is largely
restricted by the classroom setting and can hardly be implemented in a traditional lecture
hall. The university has a limited number of active learning classrooms (ALC) and they
are so popular that authors had to reserve on ahead of time. Preparation time was another
challenge. The instructor and teaching assistants normally spent more than an hour per
week to review POGIL activities, including designing new problems that follow the learning
cycles and revising old problems based on feedback from previous semesters.
6.5 IMPROVEMENTS
There are a few potential improvements for future research. One obvious improvement
is the sample size. We expect more statistical power and robust results if we have more
responses from the surveys. Furthermore, the design of the experiment can be improved
by adding an intervention, or even using within-subjects or crossover designs. In detail,
the control and the treatment group can use traditional lectures for most time and adopt
different active learning methods for a certain period of time. Collecting multiple survey
results can help build more accurate regression models to rule out other factors that may
affect the results.
Another possible improvement is to combine quantitative analysis with focus groups, as
Kothiyal et al. did in their research [16]. Data from the regression models help researchers
catch the trend of changes and interviews for focus groups help researchers understand the
reasons behind the changes. Together, the conclusions will be more convincing.
As we discussed in Chapter 3, the unexpected pandemic interrupted the in-person in-
struction, and, thus, we were forced to move online. To relieve students’ stress and possible
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depression, we made the final exam optional: students could take the final to improve their
grades; otherwise, their grades would be calculated based on what they had achieved. From
the hindsight, our action might affect students’ perception of perceived stress and faculty
support, but we believed that was a common (some courses cancelled all remaining assign-
ments and the final) and reasonable decision during the emergency. Not doing so would
push students’ perceptions to the negative direction, which was not what we intended to.
Making the final exam option was also part of reason why we did not investigate how the two
methods might affect students’ academic performance. We plan to revise our design to in-
corporate improvements above and conduct the experiment again after in-person instruction
resumes. That being said, the POGIL Project also provides a guide to implement POGIL
online (https://pogil.org/teaching-online-during-the-covid-19-crisis). It is pos-
sible for some courses to be moved online permanently and we expect appropriate educational
tools will be invented for such need.
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CHAPTER 7: CONCLUSION
We conducted a quasi-experiment through surveys to measure students’ perceptions in
a higher-level CS course. Relying on t-tests and linear regression models with interaction
terms, we obtain two main conclusions supported by statistically significant results with
Benjamini-Yekutieli correction.
First, we illustrate that POGIL is an effective active learning strategy in multiple aspects.
It helps reduce students’ direct perception on difficulty, stress, and time spent on the course.
POGIL establishes an engaging learning environment where students feel comfortable con-
tributing opinions and seeking for help. It also increases students’ self-efficacy and reduces
their test anxiety.
Second, we conclude that TPS and POGIL are generally similar to each other based
on students’ perceptions. Except for the common impacts in Direct Perception, Sense of
Belonging, and MLSQ, two methods have slight differences.
In addition to main results, we also share some other findings and future directions. We
echo the obstacles that previous POGIL research mentioned about the classroom restriction
and lack of preparation time. A larger number of samples are needed to make the results from
the regression model more robust. We hope our experiment can shed light on CS education
about the comparison of different active learning strategies, especially for instructors who
are still hesitant about which one to adopt. Future research can have a larger sample size,
use different experimental designs, and add focus groups when comparing two methods to
figure out the reasons behind the changes of students’ perceptions.
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APPENDIX A: SURVEY QUESTIONS
Note:
• All questions except for the time one have 5 options from strongly disagree to strongly
agree.
• We use post-survey version here, and some questions using past tense are slightly
different from the version used in pre-survey.









How difficult was CS 421 be relative to other courses?
8. All other courses
9. Other CS courses
10. How stressful was CS 421 be relative to all other courses?
11. On average, how many hours per week did you spend on CS 421? (Asking for
numeric values)
Please indicate your level of agreement with each of the following statements as
they relate to computer science courses you have taken.
12. I feel comfortable volunteering ideas or opinions in class.
13. I feel that an instructor would take the time to talk to me if I needed help.
14. I know very few people in class.
15. I feel comfortable asking an instructor for help if I do not understand course-related
material.
34
16. Other students are helpful in reminding me when assignments are due or when tests
are approaching.
17. I feel comfortable seeking help from an instructor before or after class.
18. I feel comfortable asking a question in class.
19. It is difficult to meet other students in class.
20. I feel that my instructors care for my personal success in the class.
21. I have made friends in lecture who I can turn to for help with course material.
22. I feel that an instructor would be sensitive to my difficulties if I shared them.
23. I feel that working with classmates on activities in class is valuable.
Please indicate your level of agreement with each of the following statements as
they relate to computer science courses.
24. In a class like this, I prefer course material that really challenges me so that I can learn
new things.
25. It is important for me to learn the course material in this course.
26. When I take a test in this course I think about how poorly I am doing compared with
other students.
27. If I try hard enough, then I can understand the course material.
28. In a class like this, I prefer course material that arouses my curiosity, even if it is
difficult to learn.
29. I believe that I will get an excellent grade in this class.
30. When studying for this class, I complete online assignments over and over again.
31. If I study in appropriate ways, then I will be able to learn the material in this course.
32. When studying for this class, I read my class notes and watch lecture videos over and
over again.
33. I like the subject matter of this course.
34. When I take tests in this course, I think of the consequences of failing.
35. I expect to do well in this class.
36. I feel like my classmates help me learn.
37. The in-class activities help me feel connected with other students.
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APPENDIX B: FULL DATA RESULTS
Table B.1: Changes and p-values (in Parentheses) Using Paired Sample t-test for All
Students
Question No. ∆ in the TPS Group ∆ in the POGIL Group
1 0.02 (0.8906) -0.24 (0.1628)
2 0.07 (0.6669) -0.11 (0.4403)
3 0.44 (0.0015) 0.11 (0.5002)
4 -0.14 (0.4291) -0.62 (0.0017)
5 -0.14 (0.4118) -0.59 (0.0031)
6 0.09 (0.5922) -0.19 (0.2553)
7 0.95 (0.0000) 0.35 (0.0623)
8 -0.49 (0.0001) -0.76 (0.0000)
9 -0.40 (0.0064) -0.57 (0.0007)
10 -0.63 (0.0003) -0.76 (0.0000)
11 -3.42 (0.0000) -1.95 (0.0007)
12 0.56 (0.0058) 0.59 (0.0006)
13 0.53 (0.0012) 0.73 (0.0002)
14 0.00 (1.0000) -0.49 (0.0089)
15 0.67 (0.0001) 0.73 (0.0000)
16 0.65 (0.0009) 0.30 (0.0466)
17 0.56 (0.0008) 0.70 (0.0004)
18 0.77 (0.0000) 0.70 (0.0004)
19 -0.14 (0.4798) -0.19 (0.3522)
20 0.67 (0.0000) 0.68 (0.0002)
21 0.16 (0.4646) 0.32 (0.1719)
22 0.84 (0.0000) 0.86 (0.0001)
23 0.02 (0.8860) 0.05 (0.7367)
24 0.21 (0.0832) 0.19 (0.1645)
25 -0.02 (0.8681) -0.11 (0.4728)
26 -0.74 (0.0016) -0.49 (0.0371)
27 0.21 (0.1624) -0.05 (0.7203)
28 0.07 (0.5698) -0.05 (0.6758)
29 0.72 (0.0000) 0.59 (0.0001)
30 0.60 (0.0005) 0.41 (0.0141)
31 0.23 (0.0486) 0.14 (0.2008)
32 0.28 (0.0504) 0.22 (0.3388)
33 0.09 (0.5698) -0.11 (0.5537)
34 -0.47 (0.0199) -0.95 (0.0000)
35 0.74 (0.0000) 0.30 (0.0323)
36 0.51 (0.0033) 0.27 (0.1150)
37 0.47 (0.0082) 0.14 (0.4054)
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Table B.2: Full Coefficients and p-values (in Parentheses) Using Equation 5.1
Question No. β0 β1 β2 β3 β4 β5
1 3.72 -0.10 (0.6450) 0.02 (0.9080) -0.27 (0.3690) -0.21 (0.1540) -0.08 (0.6020)
2 3.80 0.01 (0.9690) 0.07 (0.7290) -0.18 (0.5480) -0.11 (0.4730) -0.17 (0.2810)
3 3.88 0.24 (0.1840) 0.44 (0.0120) -0.33 (0.1910) -0.30 (0.0230) 0.02 (0.8990)
4 4.01 0.20 (0.3470) -0.14 (0.4920) -0.48 (0.1080) -0.56 (0.0000) 0.05 (0.7630)
5 3.91 0.20 (0.3170) -0.14 (0.4690) -0.46 (0.1100) -0.03 (0.8220) -0.01 (0.9330)
6 3.79 0.05 (0.7890) 0.09 (0.6120) -0.28 (0.2960) 0.05 (0.6950) 0.06 (0.6550)
7 3.16 0.49 (0.0250) 0.95 (0.0000) -0.60 (0.0500) -0.26 (0.0930) -0.09 (0.5900)
8 3.90 -0.27 (0.1920) -0.49 (0.0160) -0.27 (0.3620) 0.16 (0.2780) 0.21 (0.1840)
9 2.82 -0.05 (0.7790) -0.40 (0.0210) -0.17 (0.4910) 0.02 (0.8640) 0.31 (0.0200)
10 3.30 -0.10 (0.6430) -0.63 (0.0030) -0.13 (0.6700) -0.07 (0.6270) 0.09 (0.5560)
11 11.77 -2.35 (0.0140) -3.42 (0.0000) 1.47 (0.2700) -1.21 (0.0740) 0.22 (0.7580)
12 2.90 -0.01 (0.9500) 0.56 (0.0150) 0.04 (0.9130) -0.19 (0.2740) 0.42 (0.0200)
13 3.98 -0.23 (0.1890) 0.53 (0.0010) 0.19 (0.4240) -0.03 (0.7900) 0.15 (0.2480)
14 3.76 0.15 (0.5580) 0.00 (1.0000) -0.49 (0.1820) -0.48 (0.0090) 0.01 (0.9560)
15 3.49 -0.12 (0.5570) 0.67 (0.0010) 0.06 (0.8460) 0.03 (0.8160) 0.18 (0.2490)
16 3.10 0.29 (0.2520) 0.65 (0.0080) -0.35 (0.3220) -0.07 (0.7110) -0.00 (0.9970)
17 3.46 -0.19 (0.3510) 0.56 (0.0050) 0.14 (0.6160) 0.02 (0.8810) 0.31 (0.0460)
18 2.83 -0.31 (0.1900) 0.77 (0.0010) -0.06 (0.8470) -0.12 (0.4810) 0.55 (0.0020)
19 2.89 0.05 (0.8390) -0.14 (0.5700) -0.05 (0.8910) -0.11 (0.5610) 0.35 (0.0730)
20 3.53 -0.31 (0.1240) 0.67 (0.0010) 0.00 (0.9960) 0.01 (0.9410) 0.34 (0.0230)
21 3.58 -0.31 (0.2250) 0.16 (0.5060) 0.16 (0.6530) -0.06 (0.7430) -0.02 (0.9110)
22 3.40 -0.17 (0.4060) 0.84 (0.0000) 0.03 (0.9250) -0.05 (0.7380) 0.28 (0.0780)
23 3.93 -0.20 (0.3820) 0.02 (0.9140) 0.03 (0.9220) -0.06 (0.7310) 0.00 (0.9790)
24 3.38 -0.09 (0.6460) 0.21 (0.2820) -0.02 (0.9440) 0.10 (0.4730) 0.12 (0.4480)
25 3.77 -0.09 (0.6870) -0.02 (0.9120) -0.08 (0.7850) 0.10 (0.5300) -0.17 (0.2990)
26 3.74 -0.26 (0.3460) -0.74 (0.0050) 0.26 (0.5080) 0.03 (0.8840) -0.26 (0.2090)
27 3.98 0.04 (0.8340) 0.21 (0.2260) -0.26 (0.3000) 0.00 (0.9780) 0.14 (0.3090)
28 3.53 -0.07 (0.7110) 0.07 (0.7120) -0.12 (0.6560) 0.09 (0.5290) 0.32 (0.0340)
29 3.27 -0.00 (0.9830) 0.72 (0.0010) -0.13 (0.6780) -0.00 (0.9850) 0.05 (0.7480)
30 2.82 0.22 (0.4130) 0.60 (0.0180) -0.20 (0.5920) -0.34 (0.0730) 0.10 (0.6200)
31 3.83 0.14 (0.3470) 0.23 (0.1030) -0.10 (0.6410) 0.19 (0.0680) 0.15 (0.1730)
32 3.61 0.24 (0.3480) 0.28 (0.2520) -0.06 (0.8600) -0.70 (0.0000) -0.05 (0.7780)
33 3.38 0.21 (0.3270) 0.09 (0.6560) -0.20 (0.5130) -0.46 (0.0040) 0.19 (0.2550)
34 3.79 -0.12 (0.6520) -0.47 (0.0620) -0.48 (0.1880) 0.25 (0.1840) -0.15 (0.4450)
35 3.69 0.09 (0.6470) 0.74 (0.0000) -0.45 (0.1100) -0.00 (0.9970) -0.19 (0.1920)
36 3.55 0.08 (0.7410) 0.51 (0.0220) -0.24 (0.4580) -0.23 (0.1630) -0.24 (0.1720)
37 3.57 0.21 (0.3570) 0.47 (0.0350) -0.33 (0.3060) -0.25 (0.1190) -0.28 (0.1090)
37
